Thai Journal of Operations Research: TJOR Vol 9 No 1 (January - June 2021)

o/ = Y o o/ 1 S Y (-] g a
G]’JLL‘U‘Uﬂ’]iLiEJ‘L!EQ’]LL‘IJﬂ‘UiSLﬂ‘VIGUW‘Wﬁ']EJLI’JE]%LL‘U‘USJ@ﬁauﬁ’]‘lﬂiUﬂiy‘W’m'ﬁﬂizmu

UsLANSNINVDIINNA8LEDS MISEUU SAP ERP

useddnd T8 Adbuaq!
ddvImiiaseissiauwasinensdoeya augaiinuszend santuliudavmuuinsaans
waz dATHUN WeAsTITMUY
d19vInsIan1sladannd ansainuszand aartutudinnauususaans

148 w3 3 auuLEIINg UY9ARDIIY LUAUINNET NFUMWT 10240

Received: 11 April 2021; Revised: 13 May 2021; Accepted: 18 May 2021

UNANED

ATl IngUszasdiienmuInsoukAanMsTwunUsEandnnateleasdmiudymnisuseidiugn

wansteosluszuy SAP ERP fiflannuldutusuainnisiasisiantiimtnidadu (Linear scoring model) Tngti
518M15898 8 (Purchase orders) 1a319uuUTIaeen1sLenUTEANTHNATEL083 LLaz%’agalumae?jya (Purchase
requisition) Lﬁuﬁa;&aﬁwm’hLﬁaﬁﬁuuﬂﬂizﬁmﬁmw%’wwmaLaai‘ffﬁauﬁmﬁﬂﬁﬁaﬁuﬁﬂﬁ’u%’wwmﬂL@@%ﬁu 9 LAEu
TumsUszidiudmwaneieefiamnainmsduntvaliideiva Ussneusediuaudui (Quantity) Auninueadudn
(Quality) Auindedelunsindsdudi (Delivery commitrent) i’mﬁamiﬂ’mu’l%umauﬁ%‘ﬂ’ﬁﬁa%’aaﬂa (Extract)

91NT¥UU SAP ERP Lazluasdeya (Transform) anunsadisndwindiguuudiaesdiuunussianusgdniam

¥

YaadnnareleainwWeyalunisileuiuazdoyanaaeun1useAuNITIATILNANTINNANGUEUAT (AL material

=

groups) LAz IzAUNENAUAT (Material group) Tnevinn1sUIeULBULUUTIADY 9 LWUUAD AILUUNITILUNUITZLAN

q

wuuLuda (Naive bay) dauuunisinhunuseian (K-Nearest Neighbors) lLuUUIuUnUSELANgnneasnnaos-t
WU (Support Vector Machine) #aluuni1sannagasdasn (Logistic Regression) AILUUTMUNUTELANLEATYN

(Adaboost) fiawuudwunUssnnsulddndula (Decision Tree) fnuuiuunysennnisguUald (Random Forest)

v a

wazn153WAUARaUlERIRILUY Ao Stacking SYM+DT wag Stacking SYM+LR #an1sAn®InUI1 Wuudnassiia

¢ I a vooA o o

NaansluszaunsliaseiansumnnguduauasseAunTieseingududn As duuuiuwunUssnneniym

q

Adaboost nilA1ANUkiuggIgnetTosas 81.6 uaz 67.6 AUAGU

Adfity: MIUszdiudnnaneiens nsduundwnangiess n1sieuivennIndng nstlfny) SAP ERP

* Corresponding author. E-mail: ckhomp@gmail.com
U guinmsiinseigsiawayiveinisteya auradauszend anrdulndiaimuuimsmans
2 gwnimnsdanisladafind auzadiAuszand aanduduniaimuuimsenans

@)



Thai Journal of Operations Research: TJOR Vol 9 No 1 (January - June 2021)

A Supervised Learning-Based Supplier Classification Model for Supplier

Performance Evaluation Problem in SAP ERP

Narongsak Kowwilaisaeng1
Business Analytics and Data Science, National Institute of Development Administration (NIDA)
and Akkaranan Phongsatornwiwat?’
Logistics Management, National Institute of Development Administration (NIDA),

148 Moo 3, Seri-thai Road, Klong-Chan, Bangkapi, Bangkok Thailand 10240

Received: 11 April 2021; Revised: 13 May 2021; Accepted: 18 May 2021

Abstract

The purpose of this research is to develop a supplier classification framework for supplier
evaluation problem for overcoming the uncertain results from embedded linear scoring methods in SAP
ERP. Datasets in this study are Purchase Order (PO) and Purchase Requisition (PR). PO data is used for
modelling supplier classification models, and PR is used as an input data to evaluate the suppliers’
performances before making purchasing contracts. Three evaluation criteria, which are developed by
interviewing with experts are quantity, quality, and delivery commitment. In addition, this research is
developed the data extraction algorithm from SAP ERP system and data transformation in order for designing
suitably datasets for supplier classification models. Nine classification models: Naive bay, K-Nearest
Neighbors, Support Vector Machine, Logistic Regression, Adaboost, Decision Tree, Random Forest, and
Stacking SVM+DT and Stacking SYM+LR are applied to compare the performances to find the best
classification model. In the analysis schemes, all material groups and each material group as suggested two
levels of analysis are proposed in this study. Results show that Adaboost is the best classification model in
both train and test datasets. Furthermore, Adaboost is also outperform others for both levels of analysis

with accuracy performances for all material group (81.6%) and each material group (67.6), respectively.
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Precision = L 12
TP+ FN

4. F-Measure

2 * Recall » Precision (13)

F — Measure =
Recall + Precision

2.10 Cross Validation (CV)

Cross Validation 1Junsuusdeyasenidu K
Disjoint Subsets (k@ @% Subsets ﬁsﬁagaiﬂﬂlﬁé’l A1)
WAl K-1 Subsets lun1sadnsdanuuuay 1 Subsets
ﬁLwﬁa%L“ﬂu%mﬂamaau Wenaull K ads luusas
adsasld K-1 Subsets ifudayaiFuiuay 1 Subsets
K| umyagawmaauﬁ'llu'mﬁauﬂ”u n1sUseiiu
UszAnsawwesdauuusieisdeslddedsveinis
Useudunai s K ada 3540159071 Kfold Cross
validation [3]

2.11 Orange Data mining

Orange Data mining 1ugenwislemuresadniu

nsisuireunIesdnsiazuaninadeya dmiunis
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43519n58UIUN13TIATIE U0 A (Data Analytics

workflow) sUuuunslddudnuagnisileulusunsy

(%

A801N (Visual Programming) 3 9t uN153LAT 189

v d

FJoyaununisi@eulan vilinisasisduiuuns

Anszideyaldogreringa [11]

)
~

f*lf'l*c oY B

U7 2d70¢19mi1981Usunsu Orange Data Mining

(https://orangedatamining.com/screenshots/)
3. FN1IANLUIUINY
mié‘fﬂwﬂumgqﬁyﬁaamiﬁﬂ‘t’faaiaiuéba%a
(Purchase Order) TuafnunynA15a519LUUTIADINT
FuunUssLandseansanaesgnnaneiesas lagvi
AMsadIsuuUTIanafadl 1. Naive bay: NB, 2. -
Nearest Neighbors: k-NN, 3 . Support Vector
Machine: SVM 4 . Logistic Regression: LR, 5.
Adaboost 6. Decision Tree: DT, 7. Random Forest:
RF, 8. Stacking SYM+DT, 9. Stacking SYM+LR iiie
Aadenuwuusiasedinunzay Welduuusiad
winngauwaaginanlaglunisandulalunisidendn

wareLeANgadanslugui 3

,,,,,,,, Purchase Order
| (History)

Model

Supplier Performance
- Ranking supplier

Purchase requisition

Performance )
- Quantity Supplier
- Quality

- Delivery

********** Purchase Order

|
|
|
|
|
|
|
|
|
|
|
|
} Input requirement
|
|
|
|
|
|
|
|
|
|
|
|

JUT 3 nseuunAansIunUTEIANEINAEIe0S
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3.1 dayaitldlunsine
foyadmiumsfnuluadsd dunandoys
Transactions module MM wag Module QM Tu
SYUU SAP ERP 909UT¥VgAa11NITUDINITUAL
insesiuuiamnisluyszmelne 1udeyaiiogluszuy
Faust fugneu 2562 f9 nanay 2563 Fatoyaniad
anulianugaldmsunsusuidudnnaisiees
i os91nnIzuIuNITIIIUME g unoun sy

lldmruangunasidmsunisussidudnnaieens

o =

1LIRausa sregredayadmsuiseuiaegun 4 3

|ave.pelivey |Ave.quality [class
2100000002|IN1F000_|IN1F000025 30 400 260000) 1.0000) 0.8571 10000 2
2300000247 |IN1FO00_|IN1F000002 30 200 104000 1.0000] 0.8400 Toooo| 2
2100000195|IN1F000_|IN1F000033 30 25 31250) 1.0000] 0.4545 10000 2
2100000050|IN1F000_|IN1F000024 30) 40| 27600 1.0000] 0.6364] 10000 1
2100000155 |IN1FO00_|IN1F000034 30 25| 17500] 1.0000] 0.4545 10000 3

2100000200(IN1F000_|IN1F000022 30| 100| 32000 10000 0.7647] 10000 2|
2100000200[IN1F000_|IN1F000027 30 50| 36000 1.0000) 0.7647] 10000 2
2100000200|IN1F000_|IN1F000031 30| 200 173000 1.0000] 0.7647] 10000 2|
2100000018|IN1F000_|IN1F000018 30 4| 16000 1.0000 1.0000) 10000 2

2100000008 |IN1F000_|IN1F000014 30) 20| 5000) 1.0000] 1.0000| 1.0000] 2|
2100000050|IN1F000_|IN1F000015 30) 100] 95000) 1.0000] 0.6364] 1.0000] 2|
2100000050IN1F000_|IN1F000004 30) 20| 24000) 1.0000] 0.6364] 10000 3

AoINUINNATINITUTHTUTY

Vendor  [MatGrp |Material |[PaymentTerm |open aty |Net value |Ave.aty

o '

UM 4 fegadoyadmiuiseus;

ol

3.2 Manssudeya

PnnsdumeaiieinsUssiiudnnansions
mm’hUﬁ"]’ms?j”al,l,azﬂlf?fm%wswu SAP ERP 9113U 5
vy Taofiarsanauaudissd Wufimisenuda i
ATV uAzUsEAUNTTiv U U1 5T AT
1nn31 10 T wagrhaudeadeatunisudmsau
wIonsEUIUN1STnTelusyUU SAP ERP 91nn15LRU
FIUSIUAIWUUADUAIY NUFT LN b Tun1s
Usziiudszansamussdwmaneions g dervgnn
VU uEenAZ 9 UNISNUNIUITIUNSTUT MU
[1-2, 4, 15] Wnelw aud Ay uinasii 19 lunas
Uszifiudnmaneiens famsnsdi 2

A5199 2 naueintiglunsuseliudnnaneeas

£l 2§
e . . C =

Expert Position/Criteria S g = 2
| o | 8| "

Purchasing Assistant Manager * * * *
Senior Purchasing Officer * * * *
Senior Purchasing Officer * * * *
SAP Consulting Manager * * * *
SAP MM Consultant * * * *

s1uteya (Databases) fitAsdaslunisistoyaly
s¥UU SAP ERP Usznauludredeyaludsd suax
UsgdAN19LA UI18119917 Module Material
Management (MM) wagdayan1slinziuuannIn
dUA13INN1TAIUANA UATN Module Quality
Management (QM) Fam3n9di 3

Mt 3 prudeuaiieidodunsisieyaluszuu SAP ERP
Table Description
EKKO Purchasing Document Header
EKPO Purchasing Document Item
EKET Scheduling Agreement Schedule Lines
EKBE History per Purchasing Document
EBAN Purchase Requisition
QALS Inspection lot record
QAVE Inspection processing: Usage decision

TngAnuduiusvesgudoyaluseuu SAP ERP lag
Wonlennusae Primary key wag Foreign key Lans
AU 5

EKET o

EKKO
/ EKKO-EBELN = EKPO-EBELN ]
EBAN-EBELN — EKKO-EBELN EKPO-EBELN = EKET-EBELN
EBAN _ | EKPO-EBELP = EKET-EBELP QAVE.
= EKPO, =

EKPO-EBELN = QALS-EBELN
EKPO-EBELP = QALS-EBELP )
QALS-PRUEFLOS
‘ExBE-EBELN = EXPO-EBELN = QAVE-PRUEFLOS
EKBE-EBELP = EKPO-EBELD

QALS

=3

=

JUN 5 anwduiusvesgiudeyalusyuu SAP ERP

vasninsnunnteyanngudeyaiiisados
wd? M ITelavinsiaUsEInn (Class) vasdn
waneioesty Inetadeiithunfinnsanty Uszneuld
spautladudifny Usznaunie Auausalung
98 UAIAIUTIUIUT 6 8NS5 (Diff. Quantity)
Aasalunsd e uAuAIRINIaTT MR
(Diff. Delivery) wagauaunsalunsasduAlanIa
sUuuUTifvun (Quality Score) wazg3deldsinis
WAUsEAMTRNaTeL00 3 uNS T Tun 5
Uszian Usenauluaie Class 1 (Excellence) Class
2 (Very good) Class 3 (Good) Class 4 (Satisfactory)
wag Class 5 (Unsatisfactory) a1nUsgaun1salves
Q’L%&J’mwzyt,t,axﬂizaumﬁzﬁﬁumD'Jwi']’ﬂﬁ?jya AaLanglu
AN57991 4
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15199 4 grudeyaninedrvedlunisisdayaluszuu SAP ERP

Evaluation Criteria

3 g 2| @

£ > ® S

a ] = w 2 %)

© z = BB >
O a S 0 g £
& o & S

O + [ o

= a

1 Excellence <0 0 100
2 Very good 0 0 100
3 Good >0 &<10 0 100
4 Satisfactory >30 >0 &<10 < 100
5 Unsatisfactory >30 >10 < 100

13197 5 FeyadwmiumsSeuivesuuinaesdiwunussan

Feature Feature Description

Vendor AUy

Material Group SHANGUALAY

Material Number | s¥a@umn

Payment Term Seulvnstrsedu

Open Qty Srunududanludedodudn

Net Value FIUIURY

Avg.Quantity Al nsdsduAAsUSILIL
Avg.Delivey Aade nsdaduinsLIa
Avg.Quality ﬂ"]ﬂxLLuuLaﬁamimmaaUﬂmm‘w%uﬁw
Class gudsitanung

1 ac = v = %
‘Uuﬁauq{luﬂqiﬂﬁ‘uaﬂaLLﬁSLﬁiﬂﬂJ%aHﬁ

1 Data: Table EKKO (PO Header), EKPO (PO Item),
EKET, EKBE(History), QALS, QAVE
(Inspection)

Result: Data Model to perform Supplier Evaluation

// Step to extract detail of Purchase Order

2 While  EKKO-LOEKZ NE ‘X’ (PO is not deleted)

3 Do  If EKPO-LOEKZ NE ‘X’ (Iltem is not

deleted)

EKPO-MATNR NE “’ and (Material number is

not null)

EKPO-KNTTP NE ‘A’ and EKPO-KNTTP NE

‘K’ (Account Assignment Category does not

Asset and Expense)

a4 Then Select all entries from Purchase

Order line item (EKPO) and PO Header

(EKKO)

Select all entries form table EKBE
Select all entries form table EKET
Select all entries form table QALS

0 ~N O U

Select all entries from table QAVE

// Perform criteria Quantity, Quality,
Delivery On-Time

9 Total goods received QTY Y, EKBE-MENGE
10 Calculate Over Tolerance EKPO-MENG +
(EKPO-MENG * EKPO-UEBTO)/100

11 Calculate Under Tolerance EKPO-MENG +
(EKPO-MENG * EKPO-UNTTO)/100

12 Deviation Quantity

> EKBE-MENGE- EKPO-MENG

13 Check Quantity commitment GR QTY >=
Under Tol. and GR QTY <= Over Tol.

13 %Diff Qty = (Deviation Quantity/EKPO-
MENGE) *100

14 Calculate On-time Delivery = Date
between

EKET-EINDT — EKBE-BUDAT

15 Quiality Score = QAVE-QKENNZAHL

// Perform feature Avg.Quantity,
Avg.Quality, Avg.Delivery On-time for
Supplier performance

16 Avg. GRin Full = If Diff QTY = 0

then 1 else 0

17 Avg.Delivery = If Diff On-time = 0 and <=5
then 1 else O

18 Avg.Quality = If Score = 100

then 1 else 0

End
End

nsmseudeyadmsudeyanaasulagun
Toyaluved adud (Purchase Requisition) way
TayaUszdnSainvesdunaigieostushia
(Performance history) it 8@ 137 a3 aviinguld

NAAOUAIFUT 6




Thai Journal of Operations Research: TJOR Vol 9 No 1 (January - June 2021)

PR
‘Y PR__ [Item|MatGrp| Mat Req.QTY
| EBAN . [1000000000 10MGPOO1 [MAT00OL 200
PO History x
[ EkkO o MatGrp| Mat Vendor |PayTerm|NetValue AvgQty|AvgQa /AvgTims
\ = | MGP0O1 |MAT0001 | VENDOROO: 30 400 1.000 1.000 0.0
-, MGPOO1 MATO001 _[VENDOR! 0 400 0.800[ 1.000[ 1.0
( Expo MGPOO1 |MATOD0L | VENDOR! 30 400 1.000 1.000 1.0
= |MGPOO1 MAT0001 | VENDOR 0 200 1.000[ 1.000 1.0
( \
[ EKBE

JUN 6 anwdusiusvesdayadmsunaasy

15199 6 JeyadmIuteyadmiunadeu

Feature Feature Description

Vendor AUy

Material Group | stiangudud

Material Number | s¥a@umn

Payment Term | Weaulunistrsesu

Open Qty Frunudumanlude@edum

Net Value TIUIURU

Avg. Quantity Aady NTEsEUAATUTILIY

Avg. Delivey Aaiy NMTdIEUAIRIIIaT

Avg. Quality ALARY AMAINEUA

3.3 a5 1efauuunisiseuivesnIasdnsuuviigaeu

sEAUNMTIATITRENTauUseanidu 3 sehu

Al Material Group

A 4

Material Group

Material

h 4

v
o

JUN 7 seAumsinseiluanidensal

o

1. ARATENTERUNMTIMNNauELAT (ALl Material
Group) WanzdmIuduefdanuainsaly
nsvedudlavialenguaua

2. AwpswnszAunguaua (Material Group) g
dwfumsuszilivenziangasngudum

3. TATeiseauduan (Material) 1AV 26U

Fum danuenizianzandusieduad

ANSASIIBUUTIADIEINTUTEAUNITILATIZN

AMTINNNAFUEUAT (All Material) huudrasien

Uszianlaun Naive bay, k-nearest neighbors(k-NN),

Support Vector Machine(SVM), Logistic
Regression, Adaboost, Decision tree, Random
Forest Az N13A319LUUIIADIAINTUTTAUNIT
Ans1sing udud(Material group) hUUTIABILEN
Usgianlaun la'wn Naive bay, k-nearest
neighbors(k-NN), Support Vector Machine(SVM),
Logistic Regression(LR), Adaboost, Decision tree,
Random Forest, Stacking model SVM+DT i@ ¢
Stacking model SYM+LR 1u1utaya 23,682 La7

Ingustayadmiuiseuiiazdeyadmiunisnaaey

2 A 99 9%
L=} B0 %
)
= don't use 70 %
the

holdout

meethod
b { 0% 200 -
&

n=100 n=10,000 n=100,000 n=1,000000

Tudmsraau 70:30 [8-10] WATVINITNAAOULUY
Cross Validation iieutstoyatduya q dwmiunis
nageuLUUTIARITUNN 9 Yavesdeya

E‘Uﬁ 8 Splitting a Dataset into Train and Test Sets
(https://www.baeldung.com/cs/train-test-datasets-

ratio)
4. WNANIIATIZRLALBAUTIEHA

NAN1SNAFDULUUTIaENUSELANLABNTS
Wiguguanullug1vesunaruudnass lusgau
AMTIMNNAUAUAT (AU Material Group) Wagseu
N1571AIIEYnq uduA1 (Material group) WU
Luudraesi dauusiugigeaalaun Adaboost
Classifier 7198045¥FUN53ATIERT AL UL UG T
81.6% WAy 67.6% AINEIRY WUUTIDIT TR
wilughsesasun A Decision Tree fiflanuusiug
80.3% WAy 68.7% lAgNINUALR LUUTIa0ILEN
Uselan Naive bay L‘fJuLLumi’ﬂaaﬂLLaﬂUizmwﬁugm

(baseline model) TunsiSeuisuyseansninees
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wuudaeafiiianuuaiugiegi 64.7% uaz 55.6%
AINEIRU 9 uUUTIanIuenUTzLAN Adaboost
Classifier aapsuuudaosiaruudugluszdudigs
ﬂ’JIWﬂ’J"]LL‘UUﬁ]o’laENLLEJﬂ‘UizLﬂwﬁyujﬂu(baseline
model) f1n157197 7

A13197 7 WS suiisuRad Tadsednsainues

WUUTIARITEAUNINTIUNANGLAUAT (AU material

group)
> c v
Algorithm © K = 2
S ‘G 9 &
(Cv=10) ] g o =
< a T

Naive (Bay) 0.586 | 0.647 | 0.586 | 0.585

kNN K=8 0.782 | 0.781 | 0.782 | 0.780
SVM

0.574 | 0.329 | 0.216 | 0.107
Polynomial
Logistic

0.756 | 0.786 | 0.756 | 0.741
Regression

Adaboost 0.816 | 0.813 | 0.816 | 0.810
Decision Tree | 0.803 | 0.796 | 0.797 | 0.803

Random
0.553 | 0.652 | 0.553 | 0.527
Forest
All Material Group
90%
80%
70%
0%
50%
40% W Accuracy
30% m Precision
20%
10% Recall
0% F-Measure
‘)oo“;\ ’\@Z \‘é‘) 5"\0Q e‘bfﬁ o((\\% o@‘}
v > QO‘}QQ Q‘Q/@Q/ Q\/b\q QO\*(\ bO@Q
N @:;&‘L :’q® &

R

v
v Ao

SUN 9 WU B Ui InUse@ns N nUauuINged

Y

FEAUNNTINNNNGUEUAT (ALl material group)

151497 8 LUSHULTUR T TaUSEENT A 1nues

wUUdNARITEAUNGNAUAT (Material Group)

> c v

Algorithm 2 o) = =

> ) a2 h

(Cv=10) O g o >

< a n
Naive Bay 0.563 | 0.556 | 0.563 | 0.521
kNN K=8 0.509 | 0.572 | 0.509 | 0.506

Decision Tree 0.664 | 0.687 | 0.664 | 0.657

Random 0.669 | 0.705 | 0.669 | 0.660
Forest

Adaboost 0.676 | 0.709 | 0.676 | 0.521
SVM 0.573 | 0.591 | 0.573 | 0.548
Polynomial

Logistic 0.589 | 0.605 | 0.589 | 0.548
Regression

SVM+DT 0.665 | 0.690 | 0.665 | 0.658
SVM+LR 0.590 | 0.610 | 0.590 | 0.571

B0%

0%

Material Group
0%
60% - - —
50% 1
400
30%
20%
10%
o MM ] | | | | |
“~ o S o e - o~
&c” & N&) & \,S' h"c(‘ é“b o \S-,t“
& N 3 & 4 o & 2

& & & & 5 & 8
w 2 & & Q@
o < ¥ o

-

&

el
b

\9%

JUN 10 Wlsuiguidinusednsamueswuudiass

sERUNgNAUAT (Material group)

5. a3UNaN1IN1533 aAUTEKEa uasdalauauue
HANSIUIUAITHAILINTOULLIAANITILUA
Usztandunaioleesainiutgyninisuszid udw
NAN8LeesIUsTUU SAP ERP anunsardunuinienis
fAetaya (Extract) wazulastaya (Transform) lviag
TugUuuud fanmmungandind v luwaun
wuuTaeslunsienUseinnuseansnmussdnwans

washe
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ANANANTIINAABIA18NT15LUST 8ULT B U
LUUIADILENUTELAN WUIILUUIIaDe Adaboost
Classifier fiAnsusiugn (Accuracy) geamilawiuri
wUUTIaesiiug (baseline model) uazLUUTIADS
wenUssLandu q s1ed et esed finadmiunis
WAILINTOULUIAANITTILUNUTELANTNNA8LDS
dmsutgminisuszidudnnansieslussuu SAP
ERP uiseenidy 3 Jadosl

1. A1SAIMNUANTEUIUAITT URDUAITIIY
(Business Process) 7l 9atau vl elwanunsadudin
Toyaiierdoslunsuszifiudwnatsioasagiadl
AN

2. N30 uNNYayan3ovns18n15tusEUY SAP
ERP ﬁgﬂG’fam'%amuﬂﬁgmumiﬁwmuﬁﬁmumﬁ

3. qﬂmﬂsﬁﬁ’mwﬁwﬁaqLLazmmaaﬁﬁaﬁda
ldlunssingula

Mnautadefeanandredu mnlaviaisiiu
iwmwﬂ’ayja%ﬁ"ﬁwmuufmﬁﬁyu LAYASITFOUAIY
gﬂé}’awaﬂsﬁagaﬁﬁm@a%uiuamﬂmLLﬁa FLUUNNS
Ussiliudwnaneioosfiiauntu thazilloniauiulss
auusiuginsiungldunndstunaluge Wt

YA o

FRdssilUAnwuasiamnsesenluddudnly
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